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Figure 1: Anexampleof outputfromour systemztexture-mappedand-diawn cartoonenhancedy 3D-like effects.

Abstract

We presenta novel and practical texture mappingalgorithm for
hand-dravn cartoonghatallows the productionof visually rich an-
imationswith minimal usereffort. Unlike previoustechniquesour
approachworksentirelyin the 2D domainanddoesnot requirethe
knowledgeor creationof a 3D proxy model. Inspiredby the fact
thatthehumanvisualsystentendsto focusonthemostsalientfea-
turesof ascenewhich we obsere for hand-dravn cartoonsarethe
contoursratherthanthe interior of regions,we cancreatetheillu-

sion of temporallycoherent&animationusingonly rough2D image
registration. This key obsenationallows usto designa simpleyet
effective algorithmthat signi cantly reducesthe amountof man-
ual labor requiredto addvisually complex detail to an animation,
thusenablingef cient cartoontexturing for computefassistedan-
imation productionpipelines. We demonstrat®ur techngueon a
variety of input animationsaswell as provide examplesof post-
processingoperationsthat can be appliedto simulate3D-like ef-
fectsentirelyin the 2D domain.

CR Categories: 1.3.7 [ComputerGraphics]: Three-Dimensional
Graphicsand Realism—Color Shading,Shadeving, and Texture;
1.4.3 [Image Processingand ComputerVision]: Enhancement—
Registration;J.5[ComputerApplications]: Arts andHumanities—
Finearts
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1 Introduction

Texture mappingis a classicComputerGraphicstechniquéfor ef -
ciently addingdetailandrichnesgo 3D modelswithoutincreasing
thegeometriccompleity. In contrasttraditional2D animationre-
quiresary textureto behand-dravn by artistsin every singleframe
of theanimation(seeFig. 2), resultingin averylaborintensive and
oftentedioustask. It thusseemsaturalto borrow the conceptof
texture mappingof 3D modelsandapply it to 2D cartoonanima-
tions.

Figure 2: Examplef cartoonimageswith hand-dawntextures.

Unfortunately therearetwo key obstaclesnherentin cartoonan-
imationsthat prevent the direct applicationof texture mappingto
this domain.First, in orderto texture mapananimatedbject,cor
respondencesiustbe establishedetweenobjectpointsacrossall
framesof the animaton. This correspondencensureghat each
sampleof a textureis consistentlymappedo the samesurfacelo-
cationthroughtime. This requirements trivial for a 3D animation
due to the fact that the textured objectin eachframeis a single
model that hasbeendeformedand/ortransformedand maintains
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Figure 3: \Misual saliencyof the textures. Thetop row containsexamplecartoontexture and contoursamples.Thebottomrow visualizes
saliencymapsautomaticallypredictedusinga bottom-upmodelof humanvisual attention. (a, b, ¢) Exanplesof texturessupportedby the
proposedednique (d) A texture with strong featuesthat exhibits relatively high visual saliencyand therefore lesssuitableinput for our
technique (g, f, g, h) Cartooncontous are visually mud more salientthan textures,and thusefciently maskpossibleinconsistencien

texture registration.

the sametopology In traditional cartoonanimation,an objectis
dravn eachframeby handandthereforelacksary explicit geom-
etry or structurethat would allow texture mappingto be usedin
the sameway. For this reasoncorrespondencesiustbe de ned
explicitly. Unfortunatelyit is oftenthe casethata one-to-onecor-
respondencéetweenall pointsof all framesdoesnot exist. This
occursfor example whenpartsof the cartoonbecomeoccludedor
revealedin differentframes resultingin topologicalchangesn the
drawing.

The secondissueis thatin cartoons,evenif correspondenceare
known, thedif cult inverseproblemof recoreringa3D modelfrom
its artistic projectionneedsto be solved in orderto useexisting
texture mappingalgorithms. Thesetwo key obstaclegreventthe
widespreadisageof texture mappingin traditionalcartoonanima-
tion. This limits artiststo useonly simpletechniquesuchasho-
mogeneousolors, at andstaticnoisetextures,or tediousmanual
drawing andpaintingof detailsfor every frame.

To tackle theseproblems,previous methods[Corréa et al. 1998
Onoetal. 2004 Chenet al. 2009 have focusedon userassisted
texturing of cartoonsbasedon an underlying3D modelwhich is
either provided by the useror derived semi-automatically These
approachesequiresigni cant userinterventionandonly supporta
narrav classof input shapes.We introducea new techniquefor
texturing cartoonghatis easyto use,requiresminimal usereffort,
andis applicablein a moregeneralcontet thanexisting methods
basedn 3D proxies.

Our work is inspired by techniquedor lossy video compression
that leveragevisual masking[Leung and Taubman2009. These
approachesxploit the fact that the humanvisual system(HVS)
tendsto focuson visually salient regions, while devoting signi -
cantly lessattentionto other lessvisually important,areasof the
scend Yarkbus 1967, Itti 200Q. Our key obsenationis thatfor 2D
animation the salientfeaturesarethe stroke contoursthe structure
and motion of which the HVS spendsmostof its time observing.
Texturesusedin cartoonsaretypically lesssalientandthusattract
considerablyless attention[Walther and Koch 2006 Guo et al.
2009 (seeFig. 3). This factmotivatedus to producethe illusion
of temporalcoherencaisingonly roughimageregistration. Such
anapproximatiorcanbe easilycomputeddy working directly with
the 2D cartoonswithout the needfor a corresponding3D model.
This greaty simpli es the task of texturing a hand-dravn anima-
tion while still producingvisually compellingresults.

2 Related work

Previous appioacheso cartoontexturing rely on the existenceof
a 3D proxy. Corréaetal.[199§ proposea solutionthat requires

theuserto provide a 3D modelthatapproximateshe geometryde-
pictedin the 2D drawing. In addtion, theusermustmanuallyspec-
ify the correspondencbetweenthe modelandthe drawing. The
modelis deformedin eachframe,suchthatits projectionmatches
thedrawing. Thetexture coordinatesarethentransferredrom the
3D modelto the drawing. Although this method works nicely on
simple shapesit is not applicableto more complicatedcartoons,
suchasthoseshown in Fig. 1, for which the creationof a 3D proxy
modelandspeci cation of correspondencesould be a time con-
sumingtask.

Onoetal. [2004 andlater Chenet al. [2009 attemptto mitigate
theseproblemsby automatingthe creationof the 3D model us-
ing a sketch-basedanodelingtool similar to Teddy[lgarashiet al.
1999. Thistool allows the userto quickly create3D proxy meshes
with consistentriangulationsby in ating a blobby surfacewhose
boundarypointslie onthe cartoons silhouette However, this tech-
niqueis applicableonly to a limited setof cartoonswhoseshape
canbe approximatedy in ation. Furthermoregxtensie userin-
tenentionis still necessaryn orderto specifyfeaturestrokesand
their correspondences.

Recently Winnenbller etal. [2009 proposeda texture designand
draping framework which utilizes diffusion curves [Orzan et al.
200§ and parallaxmapping[Kanelo et al. 2001 to producetex-
turedhand-dravn imageswith 3D-like shadingandtexture round-
ing effects. Although for staticimagesthis approachcan provide
visually comparableesultsto oursit is not suitablefor hand-dravn
cartoonanimationsas it requiresextensve manual intervention
when specifyingdiffusion curves and suffers from texture sliding
artifactscausedy parallaxmapping.

Ourprimarygoalis to addvisualrichnesgo sequencesf line draw-
ings. Thisis similarin concepto non-photorealisticenderingech-
niquesfor stylization, suchas: coherentdynamiccarvas [Cunzi
etal. 2003, solid textures[Bénardet al. 2009, dynamic2D pat-
terns[Breslas etal. 2007 andnoiseprimitives[Bénardetal. 201(.
However, theseapplicationsassumethat the correspondenceare
known andthustheregistrationcomputationis notrequired.

2.1 Image registration

A principalaspecbf ouralgorithmis the extractionof densecorre-
spondencebetweerhand-nadedravings. Therehasbeena large
body of researcton imageregistrationin recentyears(see[Zitova
and Fluser 2003 for a review). However, most of thesetech-
niguesare not suitablefor our task sincethey model the differ-
encesdhetwed imageshasedn phenomenaommonin realworld
photographssuchaslocal consisteng, projective distortioncaused
by cameramotion, and subtle elasticdeformations. Hand-dravn
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Figure 4: Automaticpaintingusng LazyBrush:(a) original drawingF1 with color scribbles S, (b) segmentatiorR; of F1 usingscribbles
Si1, (¢) painteddrawing (F1 + R1), (d) initial overlap of the source F; with scribblesS; andthe target frameF,, (e) registration of the
soucceframeF; with thetargetframeF,, andtransferof scribblesS; usingas-rigid-as-possibleleformationeld W2, (f) painteddrawing

(F2 + Ry) usingtransferedscribblesWi,(S;).

cartoons,on the otherhand,exhibit very differentproperties. For
example, they may containlarge, non-realisticdeformationsand
abruptstructurakchangesThus,we focusprimarily onrelatedwork
tamgetedfor cartoondravings.

Early approacheto cartoonregistrationweremotivatedby the ap-
plication of “auto-painting”: transferringcolor information from

paintedexemplarsto yet unpainteddravings. Many of thesetech-
niquessegmentthe input imageinto a few separateegions and
useshapesimilarity [Madeiraet al. 1994, topology[Sykoraet al.

2004, stroke semantic§Kort 2003, hierarchiedQiu etal. 2009,

or skeletong Qiu etal. 200§ to estimatecorrespondencdsetween
differentregions. However, thesetechniquesdo not provide the
densecorrespondencaeededor our approactsincethey areun-

necessaryor the auto-paintingoroblem.

Anotherapplicationfor cartoonregistrationis carbonmotion cap-

ture,introducedby Bregler etal. [2003. In this work, they extract

a partof a cartoon,analyzeits deformationas a non-linearfunc-

tion of afew choserkey frames,andthentransferthis deformation
to a differentshape.Registrationis requiredto track the extracted
partacrossframes. However, becausenly the contouris tracked,

no denseregistrationcan be extractedfrom this process.This ap-

proachhasbeenrecentlyextendedby Jainetal. [2009 2010 who

directly usehand-dravn skeletongo transferartisticmotionfrom a

cartoondrawing to athree-dimensionahape Althoughthesetech-

niguesmight be helpful for improving a cartoontexturing scheme
basedn 3D modelssuchas[Corréaetal. 199§, they areagain not

suitablefor ourtask.

Shapecontexts [Belongieet al. 2003, which have beenprimarily

usedfor theregistrationof photographshave recentlybeenadopted
for cartoondravings. Zhangetal. [2009 apply shapecontexts for

coherentectorizationof hand-painteadtartoonanimationwhereas
Xu etal. [2009, in anapplicationwhich is closerin spirit to ours,

useshapeconextsfor creatingcompellinganimalmotionfrom sev-

eralposes extractedfrom a singlephotographUnfortunatelyshape
contexts suffer from over- tting, andthuscaneasilyintroduceun-

naturaldistortionwhenocclusionsor topologicalchange®ccur

The mostsuitabletechniquedor our applicationarethosethat at-
temptto establisha densedeformationeld betweerimages.lt has
beenshavn thatevena simpleaf ne modelcanproduceareason-
ableapproximationXie 1995. De JuanandBodenheimef2004

usea more e xible free-form deformationmodelin their frame-
work for sggmentationand inbetweening. However, they usean
elasticity-basednodel [Wirtz et al. 2004, which requiresmanual
initialization andparametetuningto avoid over- tting.

Temporallycoherenpainterlyrenderingsn the stylesof oil [Hays
and Essa2004 and watercolor[Bousseatet al. 2007 paintings

alsorequiredensecorrespondence$iowever, suchmethodsusea
simpleoptical o w estimaton suitablefor temporallysmoothim-
agesequencesuchaslive-actionvideos,but not for hand-dravn
cartoonanimationswherethe motion tendsto be morerapid and
concentratedn areaswith outlines. Becausehe optical ow al-
gorithm relies on tracking features,the absenceof texture inside
the homogeneousegionsof a draving would posea considerable
challenge.

In summarymostexisting registrationtechnique®ithertargetcar
toonimagesbut computeonly sparseorrespondencesteae dense
correspondencebut are only suited to real-world photographs,
or are proneto over-tting. Our framework insteadbuilds upon
the recentimage registraion algorithm proposedby Sykora et
al.[20094, whichis well suitedfor cartoonsprovidesdensecorre-
spondencesandrelies on the robug as-rigid-as-possibldeforma-
tion modelproposedy Alexaetal. [2004.

3 Toon texturing

Our main goalis to generatean animationof “rendered’cartoons
from a setof unpantedhand-dravn frames.The“geometry”of the
cartoonis given by the hand-dravn strokes, whereaghe “appear

ance”— colors, texture andlighting effects— are addedautomati-
cally duringthe“rendering”process.

Theinputto our systemis scannedand-paintednimationframes,
hencethe rst stepin our “rendering” pipelineis to assigncolors
to differentpartsof the cartoon. To do thatwe usethe LazyBrush
algorithm[Sykora et al. 20098 which allows an artist to quickly
specifydesiredregionsusinga small numberof color “scribbles”.
SeeFig. 4a-cfor anexampleof scribble-basegainting.

Next, we needto make sure the painting is temporally coher
ent acrossall animationframes. This is the well-known “auto-
painting” scenaio. To avoid specifyingthe scribblesrepeatedly
for all frames,we useas-rigid-as-poskle (ARAP) imageregistra-
tion [Sykora et al. 20093. This methodallows us to registerthe
rst frameto the following frame, transferthe color “scribbles”,
and nally usethelazyBrushalgorithmto obtainthesegmentation.
SeeFig. 4d-f for an exampleof color transfer As the LazyBrush
algorithmis robustto imprecisepositioningof scribblessmallmis-
matchesn theregistrationareallowed. However, for scenesvhere
detailedpaintingis requred(e.g.,mary smallregionswith different
colors),theusermayneedto specifyadditionalcorrectionscribbles

to keepthe sggmentatiorconsistent.

A simple solutionto the texturing problemwould be to follow a
similar route, whereinsteadof specifyinga singlecolor value per
region, the userwould specifya texture. In this case jnsteadof all
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Figure5: Domainoverlapandtexturetransfer:(a) sggmentatiorR; deformedyW,, (b) domainoverlapvisualisecby symmetridifference
of deformedsggmentationR; andR2, (c) sggmentatiorR, (d) souiceframeF; with texturedregionsr; 2 R; mappedusinginitial texture
coorinatesTs, (e) texturedregionsr: 2 R1 mappedby deformedtexture coodinatesWi2(T1), (f) target frameF, with textured regions
r: 2 R, mappedusingdeformedand extrapolatedtexturescoordinatesT,

pixel valueshaving the samecolor, the pixel value will be taken
from a prede ned texture. Since the drawing is two dimensional,
we canusetheidentity asthetexturecoordinategor the rst frame.
However, for the texture to avoid the well-known “shower door”
effect, the texture coordinatesannotbetheidentity for all frames:
the texture coordinatesof a point on ary frame shouldmatchthe
coordinatef its correspondingoint in the original frame. Our
goal is to deformthe textured region from the original frame to
matchits correspondingegionsin subsequerframes.

To further complicatematters,not every point in a given frame

hascorrespondingpointsin all otherframesdueto occlusionsand

change®f orientation.Fig. 5b shavs the symmetricdifferencebe-

tweenthedeformedegionsof thesourcérameandthecorrespond-
ing regionsof thetargetframe. Noticein particularthe differences
betweenthe deformedregions of the jacket and hair. Specifying

the texture coordinatedn the rst frameis in fact not enoughto

generataexture coordinatedor all otherframes. Hence,we opt

for thesimpleapproacthof extrapolatingthe unknavn datafrom the

known. Giventhetexturecoordinatesvhichwe know (asthey were

transferredrom thesourceframe),we extrapolde themto compute
thetexture coordinatesn theregionswhich do not overlapwith the

transferredegions.

3.1 Algorithm

Our “rendering” pipelineis summarizedn Figs.4 and5. For ren-
deringasingleframeF1, we needits color scribblesS; (Fig. 4a),
its sggmentationinto regions R; (Fig. 4b), and the texture co-
ordinatesfor the textured regions T, for every textured region
r. 2 Ry (Fig. 5d).

ThescribblesS; of the startingframeF, aresuppliedby the user
andthetexture coordinated; aretheidentity. Giventhisinforma-
tion, theframewill be coloredandtexturedasfollows: by applying
LazyBrush[Sykoraetal. 20098, every colorscribbles; 2 S; pro-
ducesaregionr; 2 R1, assigningt eitherahomogeneousolorc,
or atexturet. Thetexturedregionr; is paintedby picking the col-
ors from a prede nedtexture, usingthe given texture coordinates
Ts.

TorendetthetargetframeF;, giventheadditionalinformationfrom
the sourceframeF, we proceedasfollows. First, we registerthe
framesusing[Sykoraetal. 20094, asshawvn in Fig. 4d-e. This pro-
ducesthe deformationmapW2, which assignsevery pixel in Ry
to a pixel locationin the frameF,. Next, we useW;, to mapthe
scribblesS; to S; andgeneratea segmentatiorof thetargetframe
R> usingLazyBrushasshawvn in Fig. 5¢c. Finally, Fig. 5e, we use
W12 again, thistime to deformthetexture coordinatesr of all the
texturedregions. However, asdiscussegbreviously, thereis a mis-

matchbetweertheimageof W1, (R1), andits matchingsggmented
regionsR, (seeFig. 5b). We thereforeextrapolatethe coordinates
W12 (Ty) for the region wherethey arenot known, resultingin the
new texture coordinatesT,. Now thatall the informationfor the
new frameis available to us, we can color and texture it as dis-
cussedefore(Fig. 5f).

3.2 Implementation details

In this sectionwe describetechnicaldetaik of ARAP registration
andtexture coordinateransferandextrapolation.

ARAP Registration. The registration stepis an important part
of our pipeline, as its output drives the rest of the components.
In general,we follow the original ARAP imageregistraion algo-
rithm [Sykora et al. 20094, generatinga denseuniform sampling
of the sourceframe, and deformingit in an as-rigid-as-possible
mannerso that the featurelines align with the tamget frame. To
improve its robustnesswve computea distance eld from feature
lines [Borgefors 1986 and do the registrationof the textured re-
gionssepaately which helpsto improve the accurag whentopol-
ogy changesandocclusionsoccur

Although in mostcaseghe automaticregistrationyields goodre-
sults,sometimes quick userinteractioncanimprove the accurag
considerably Thus, we allow the userto pin and drag-and-drop
several control points during the automaticregistrationprocesso
guidethealgorithmtowardsabetterresult. Thesecontrolpointsare
easilyincorporatednto the ARAP deformationschemeby setting
high weightsfor themduring the optimizationprocesseffectively
causinghemto behae assoft or hardpositionalconstraints.

UV Transfer and Extrapolation. Thegoalin this stepis to gen-
eratetexture coordinatedor all of the pointsinsidethetexturedre-
gions. For that,we requiretheinversemappingof all pointsin our
currentframebackto the rst frame.However, asmentionedrevi-
ously, thedeformationrmapWi. is notonto, hencetherearepoints
in the currentframefor which we do not have aninversemap. To
solve thisissue we rst transferthetexture coordinatedo the cur
rentframeusingWi,. Then,for eachremainingun-mappedgoint
in atexturedregionr; 2 Ry, we computeits texture coordinate
value as a linear combindion of existing values, using the thin-
plate spline interpolation[Bookstein1989. To avoid distortions
causedy usingEuclideardistancesanapproximatiorof geodesic
distanceganbeused ZhuandGortler2007 for which severalfast
algorithmsexist [ Yatziv and Sapiro2004.



Figure 6: 3D-like effects: (a) dept mapwith Dirichlet (red)& Neumanr(blue) boundaryconditions with initial texture mapping (b) shad-
ing, (c) simulationof ambientocclusion,(d) shadingwith ambientocclusion,(e) texture mappingusing at UV coodinates, (f) texture
roundingbasedon shading (g) texture roundingwith ambientocclusion,(h) texture roundingwith shading& ambientocclusion.

3.3 Extensions

The presentedramenork meshesicely with existing schemegor
addingrichnesgo cartoondrawvings, andallows for additionalex-
tensionsandimprovements.First, the initial texture neednotbea
at one.In fact,aswe arebasingourframevork onanimagedefor
mationmachineryit is easyto allow the userto deformtheinitial
texture coordinates. Other variationsin color, suchas gradients,
canbeincorporated A color gradientcanbe de ned usingcontrol
pointswhich arethentransferredisingthe deformation eld W,.
In additionto specifyingthe color scribbleson the rst frame,the
usermay also specify a setof depth(in)equalities(seegreenand
blue arraws in Fig. 10a), which aretransformednto a depthmap
of theimage,usingthe algorithmfrom [Sykoraet al. 201(J. The
resultingdepthmap canbe usedfor improving the registrationby
avoiding layeringproblemsandtopologyvariations.Thedepthval-
uescanbeeasilytransferredo theotherframesalongwith thecolor
scribblessothatthey canbefurtherutilized for enhancinghe tex-
turewith 3D-like effects,asdiscussedn thefollowing section.

4 3D-like effects

In this sectionwe describepost-processingperationsthat allow
artiststo simulate3D-like effectsentirely in the 2D domain, by-
passinghe needto reconstrucandrendera 3D object(seeFig. 7).
We rst presenta nev formulation of the popular Lumo tech-
nique [Johnstor2003 usingthe depthmap generatedy [Sykora
etal. 201Q (Fig. 6b) andthenshav how to exploit suchshadingto
simulatetexture rounding(Fig. 6f). In addition,we simulateambi-
entocclusioreffects,asdescribedn [Sykoraetal. 201( to enhance
the perceptiorof depthin theimage(seeFigs.6c and7d).

4.1 Shading

The original Lumo algorithm [Johnston2003 approximateghe
normal eld insidearegion usng the 2D normalscomputedon its
boundariesOnthesilhouetteof anobjectthenormalcomponentn
theviewing directon (thez-axisin our case)s 0, hencehenormal
is completelyspeci ed by its x andy components.Furthermore,
the gradientof the imageintensityis orthogonalto the silhouette,
giving exactly therequirednormalcomponents.

This simple work ow holds when the target shapecontainsonly
silhouettepixels. For interior strokes, depthdiscontinuitiesshould
betakeninto accounto producecorvincingresults.To addresshis
issueJohnstorutilized a manuallypainted overunderassignment
mapwhichis dif cult to createandmakestheoverall procesgime-
consuming.Recently Sykora et al. [2010 notedthat sucha map
canbegeneratecutomaticallyfrom adepthmapproduceddy their
algorithm. In this paperwe presenta nev formulation of Lumo
which completelyavoidsthis additionalstepandproduceghe nal
normal eld in onestep.

Ournew solutionis basecbnahomaeneoud aplaceequationwith

speci ¢ boundaryconditionsde ned at depthdiscontinuitiespro-
vided by [Sykora et al. 201Q (seeFig. 6a). For a given pixel, if

it is on the boundaryof a domah, its depthvalueis differentthan
its neighbors. If the depthvalueis larger (Fig. 6a, red curves), it

meanghepixel lies on thesilhouetteof the object,andthegradient
of thedepthmapshouldbeusedasthelocal componentsf thenor

mal. If, ontheotherhand,the depthvalueis smaller(Fig. 6a, blue
cunwe), thenthe pixel lies nearthe borderof an occludingobject,
andnothingcanbesaidaboutthevaluesof thenormalsin thatarea,
exceptthatthey shouldbe continuous.

Hencewecan nd thenormalcomponentdy solvingthehomoge-
neousLaplaceequation:

rf=0 1)

wheref is eitherthe x or%/ componentof the normal vectorn
andthe Laplaceoperatorr © is representedby a sparsematrix L:
Lij = wj for all pixglsj in the4-connectedeighborhoodN; of
pixeli, andLi = jon Wi, Withw; = 1. As discussedn
Section4.1, theboundaryconditionsaregiven by the depthmapd
(seeFig. 6a):

Dirichlet: fp=dS ()  dp> dq

dp < dqg

)

Neumann: fo, =0 ()

whereq is a neighboringpixel to p, dgq is the derivative of the
depthmapatpixel p in thedirectionpg andf F‘,’q is thederiative of
thenormalcomponen{ny or ny). Thisleadsto a sparsesystemof
linearequationswith two differentright hand sides(nx andny ) for

which afastGPU-basedolver exists[Jeschk etal. 2009.



Figure 7: Addingvisualrichnesgo a hand-diawn cartoon: (a) original line drawing, (b) paintedwith homaenouscolors, (c) paintedwith
textures, (d) addedtexture rounding shading& simulationof ambientocclusion.

Giventhe ny andny componentswe canestimaten, usingthe
spherezquation: q

n= 1 nZ n2 ()

The computednormalvaluescanbe directly usedto approximate
the shadingof a Lambertiansurfacewith normalsn, whichis illu-
minatedin the direction of the z-axis. More complicatedighting
scenarioganbe simulatedusinguserspeci ed ervironmentmaps,
asin [Johnstor2003.

4.2 Texture rounding

We canfurther utilize the valuesof n;, by reinterpretingthemas
a height-functionh to simulateanother3D effect — texture round-
ing. When texture mappingis appliedto a 3D surface,the cur

vatureof the surfacegeneratesn areadistortion, effectively caus-
ing the texture in curved areasto scale(Fig. 6f). Parallax map-
ping [Kanelo et al. 2007 is onetechniquefor simulatingthis ef-

fect [Winnendller et al. 2009. However, parallaxmappingdoes
not presere the original UV coordinatesat region boundariesand
thereforeproducesnoticeabletexture sliding and can easily ex-

posehidden“overdistorted”partsof the texture beyondtheregion

boundariegseeFig. 8).

Figure 8: Parallax mappingfailure: resultingtexture coodinates
are notpreservedt region boundariesanddepencdbn the eye posi-
tion (reddots). Thiscancausenoticeabletexture sliding.

To avoid this artifactwe proposea new approactthatdirectly com-
putestexture coordinateson a virtual 3D surfacerepresente@dsa
heightfunctionS = (x; y; h(x; y)) (seeFig.9).

This canbe doneby mappingthe boundaryof the surfaceto the
plane, and then solving a Laplaceequationr 23 f = 0 for the
interior values wherer 25 is the Laplace-Beltrambperator For
a surface given as a height function, this operatoris given by a
matrix with a similar structureto L usedin the previous section,
but whoseweightsw; aredifferent, sincewe arenow measuring
distance®n the surfaceS, andnot on the plane.However, thereis

no needto actuallyconstructand atten the 3D surfaceS. Instead,
this procedurecan be seenas solving an inhomaeneoud_aplace
equationontheplane:

raf=o0 (4)
wherewe aresimulatingthe metricof a curved surfaceby manipu-

lating the weightsof the Laplacianmatrix. Theoperator 2 is the
sameasthe Laplace-Beltrambperator 25 of S, andwe take

N S — (5)
1+ (hi hy)?

which is the inverseof the length of the edgeconnectingthe two
neighboringverticesi andj onS. Thisyieldsanotheldarge sparse
systemof linear equationsnow with anirregular matrix and two
differentright handsides.It canbeef ciently solvedusingadirect
solversuchasPARDISO[SchenkandGartner2004. Interegingly,
theinhomogeneoukaplaceequatiorhas beenusedin texturemap-
ping applicationssuchas[Yoshizava etal. 2004 and[Zayeretal.
2009 to remaoredistortion.

S(x; h(x))

Figure 9: Texture rounding(1D example): at texture coordinates
andtargetsurfaceS = (x; h(x)) proportionalto n, (left), linearly
interpolatedtexture coordinateson S and their projectionbad to
at domainf (right).

Solving Equation(4) usingDirichlet boundaryconditionsgiven by
the boundaryof the domainyieldstexture coordinatedor the (vir-
tual) surfaceS. Thesearein factamapfrom theplaneto theplane,
taking a point (x; y) to the texture coordinatesof (x; y; h(x;y)).
By composingthis mapwith the texture coordinateggeneratedn
the previous section(Fig. 6e), we canaddthe requiredtexture dis-
tortion (Fig. 6f). Finally, we combinethe texture distortion with
shadingand simulation of ambientocclusion (Fig. 6d, g, h), to
achieve arich 3D-like effect (Fig. 7d).

5 Results

Theproposedilgorithmhasbeenimplementedsa partof aprofes-
sional cartoonproductionpipeline andtestedby artistson several
animationsequences.



A typicalwork ow preferredby the artistsis to paintthe sequence
rst, thenapplydepth(in)equalitiesand nally dothetexturetrans-
fer asa post-process.This helpsthe artistsconcentrateon simi-
lar tasks: as comparedto paintingwheredetailedcorrectionsare
sometimesecessarytexturing is muchcloserto anautomatigro-
cessanddoesnot requiremuchinteraction. Neverthelessthe user
inspectiorandoccasionainteractionis still bene cial asit cancon-
siderablyimprove the quality of the result, especiallywhen the
structureof thetamgetandsourceframesdifferssigni cantly.

Several examplesof texture-mappedcartoons,including 3D-like
effectsare presentedn Fig. 10. As canbe seenin Fig. 10a, the
majority of userinteractionis devotedto scribblingandspeci ca-
tion of depth(in)equalities.Oncethis taskis completedthetexture
transfetbecomes quick operation(Fig. 10b). Notethatevenif the
registrationis notaccuratethe extrapolationof the UV coordinates
keepstheresultvisually consistentFig. 10c, d).

To evaluate our method, we conductedan informal study and
shaved several textured sequence$o numerousuninformedpar

ticipants(20+) of varying age,sex and background. For textures
with highly salientstructure someof the participantseportedreg-

istration artifacts, however when less salienttextureswere used,
subjectsdid not notice ary inaccuraciesn the registration. This

implies that our techniquewill performwell in the commoncase
sinceartistsdepictthevisuallyimportantstructurevia contoursand
uselesssalienttexturesto adddetailto interior regions.

6 Limitations and Future work

Although the proposedmethodproducescorvincing resultson a
variety of cartoonsequenceshereare a few limitations we plan
to addressn futurework: (1) Large movementsout of the camera
planecanbe challengingo simulateusingour approachHowever,
in practicethis limitation is not asseriousasit may seem.When
thereis somestructureontherotating“surface”(e.g.,thebeltonthe
walking boy's jacketin Fig. 10), thealgorithmhasa propermotion
guide and the resulting ARAP deformationand texture rounding
effect producecorvincing results. This nicely correspondgo the
obsenation madeby Breslas et al. [2007 that only approximate
3D coherencés necessarjor displaying2D dynamicpatternna
rotating3D object.In thecasewherethereis no structurethealgo-
rithm mayfail, however the usercanalwaysmanipulatehe ARAP
deformationduringtheregistrationto simulatethis effectmanually
(2) Simulationof ambientocclusionmight require detaileddepth
maps,which aresomevhattediousto specify We planto incorpo-
ratethe analysisof junctionsto reducethe amountof requireduser
editing. (3) 3D-like shadingtendsto producetemporal ick ering
whena partof the characteilis occluded.We planto formulatean
optimizationframevork to overcomethis. (4) As shavn in Fig. 3,
not all textures aresuitableinput for our approachWe planto use
salieny mapsgeneratedrom amodelof theHVS (suchasthetech-
nigue[WaltherandKoch 2006 usedto generatehe mapsin Fig. 3
or [Guoetal. 2009) asa perceptuallymotivatedmetricto estimate
textureeligibility automatically

7 Conclusions

We have presentech new approachto texture mappingof hand-
dravn cartoonanimationgequiringconsiderablyessmanuaiwork
comparedo previous techniques.By exploiting the lower sensi-
tivity of the humanvisual systemto motion inconsisteng in less
salienttexturedareaswe have shown thatevenasimple2D image
registrationalgorithmcanproducecorvincing results,avoiding the
creationof proxy 3D modelsandspeci cationof 2D-to-3D corre-
spondencesWe believe our novel approachcould motivate other

researcherandartiststo furtherdevelopthis emeging visual style
to becomea standardn the world of computerassistedraditional
animation.
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Figure 10: Results:(a) sourceframewith userde nedcolor/texture scribbles anddepth(in)equalities(b) roughtexture transferto thetarget
frame (c, d) textured source & target frameenhancedisinga combinationof selectedBD-like effects.



